Proapoptotic drugs are a mainstay of cancer drug treatment. These drugs stress cells and ultimately trigger the activation of caspases, cysteine-class proteases that cleave after aspartic acid and deconstruct the cell. It is well known that cells respond differently to proapoptotic cancer drug treatments. Here, using a global and unbiased quantitative N-terminomics technology, we show that ∼500 products of caspase cleavage and their kinetics vary dramatically between cell type and cytotoxic drug treatment. It is likely that variations arise from differences in baseline proteome composition of the cell type and the alterations induced by drug treatments to yield a unique cohort of proteins that caspases finally target. Many targets are specific to both drug treatment and cell type, providing candidate-specific biomarkers for apoptosis. For example, in multiple myeloma cells treated with the proteasome inhibitor bortezomib, levels of activating transcription factor-4 increase dramatically early in drug treatment and then decrease upon cleavage by activated caspases. Thus, caspase-derived cleavage products are a sensitive reflection of cell-type and drug-induced stress, and provide useful fingerprints for mechanisms of drug action and response.
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mass spectrometry | selected reaction monitoring | proteomics | degradomics A poptosis, programmed cell death, is a process conserved in all metazoans that is critical for removing unneeded or diseased cells. Blocking apoptosis is critical to cancer cell survival, and promoting apoptosis is key to most cancer chemotherapies. Apoptosis can be triggered principally by two pathways, depending on whether the inducing ligand interacts with membrane receptors (the extrinsic pathway) or by inducing internal cellular stress ultimately via the mitochondria (the intrinsic pathway). Many cancer drugs can induce apoptosis through different targets in these pathways; examples include blocking protein kinases or topoisomerases, or inhibiting the proteasome to induce cellular stress. Moreover, different cell lines show differential sensitivity to these drugs for reasons that are often poorly understood. Druginduced cellular stresses initially cause changes in transcription and translation as cells struggle to reduce the insult (1) . However, when this fails, apoptosis often ensues and ultimately converges on the activation of a family of cysteine-class aspartate specific proteases, known as caspases.
The apoptotic caspases are activated in two waves. First, the initiator caspases, such as caspases 8 and 9, sense the extrinsic or intrinsic pathways, respectively, and are activated. These caspases in turn cleave and activate the primary executioner caspases 3 and 7. Large-scale proteomics studies in cells have shown the caspases together cut hundreds of proteins generally at single sites (2) (3) (4) (5) . Recently, using a label-free quantitative proteomics approach called selected reaction monitoring (SRM) coupled with a positive enrichment N-terminomics approach, the substrate proteins have been shown to be cleaved at rates that vary more than 500-fold, suggesting an order to the process (6) . These substrate proteins represent key nodes in maintaining cellular homeostasis and some are even known cancer drug targets (7) .
Given the importance of understanding the common targets that are cleaved by caspases, and the mechanisms by which chemotherapeutic agents induce apoptosis in different cells, we used SRM analysis to follow the rates of caspase-cleaved products in three different hematopoietic cancer cell types treated with three different cytotoxic drugs that induce the intrinsic apoptotic pathway. We found much the same collection of cleaved proteins could be detected at some level in these cells, but their relative abundances varied dramatically. Moreover, different drugs caused huge alterations in the patterns and rates of apoptotic substrates that accumulated even in the same cell type. This finding suggested the nature of the cellular stress triggers differential production of proteins followed by activation of the apoptotic caspases that cut them. These studies further revealed common apoptotic substrates irrespective of cell type or drug, which is consistent with the hypothesis that some targets are critical nodes in cellular homeostasis. We also found cell-type and drug-specific pathways consistent with changes in substrate abundance and differential responses to cellular stresses. These studies begin to address the importance of critical targets for inducing apoptosis and exemplify sensitive mechanistic fingerprints for the action of cancer drug classes for inducing apoptosis.
Results N-Terminal Proteome in Apoptotic Hematological Cells. To selectively identify caspase-derived peptides in cells undergoing apoptosis, we used an approach that uses subtiligase to selectively label and enrich for N-terminal peptides before mass spectrometric analysis (Fig. S1) (4, 8) . The advantage of this approach is that most α-amines derived from the translation start site are acetylated (9) , so that the bulk of N termini detected are the result of either constitutive or regulated proteolysis. The subtiligase enrichment thus labels a small set of proteolyzed proteins, which greatly simplifies the sample complexity and is ideally suited for SRM analysis.
As shown in Fig. 1 , the SRM process is divided into two stages: first, the identification of target peptides and generation of SRM transitions (stage 1) and second, the quantification of the relative abundance of those peptides using SRM (stage 2). To generate a comprehensive list of apoptotic-cleaved proteins in stage 1, we used three different hematopoietic cell lines: Jurkat, a T-cell line; DB, a B-cell line; and MM1S, a plasma cell line derived from multiple myeloma. These lines were induced to undergo apoptosis with two different drugs, staurosporine as the common inducer, and either doxorubicin or bortezomib as clinically relevant cytotoxic drugs. Cells were harvested at ∼50% and 75% cell death as monitored by cellular ATP levels. Following sample enrichment for free α-amine N termini (Fig. S1) , aliquots from all conditions were pooled for discovery experiments using a QTOF LC-MS/MS.
From these large-scale discovery runs, we identified a total of 2,083 α-amine-containing peptides from 1,256 proteins, with a false-discovery rate (FDR) of 2.0% (Table 1 and Dataset S1). To determine the number of putative endoproteolytic processing events, we subtracted away the 106 peptides with N termini within 3 aa of the translation initiation site (suggesting N-terminal exoproteolysis) and the 435 cut sites within the first 40 aa of the translation start site that contained a hydrophobic sequence typical of signal peptides or organelle transit peptides. This result left a total 1,542 peptides that are candidates for constitutive or regulated endoproteolysis. These sites are distributed among 916 proteins, and the ratio (1,542 cuts/916 proteins) indicates an average of 1.7 cuts per protein target within this general class of endoprotease substrates.
Of the 916 proteins processed by endoproteolysis, 674 sites were cut after aspartic acid. Removing the aspartic acid cuts within the first 40 residues of the start site, which eliminates those that could be cut by signal peptide processing proteases, leaves 557 sites as high-confidence caspase cut sites. These 557 cuts were distributed among 470 proteins, indicating an average of 1.2 caspase cuts per protein, which is considerably lower than the average cuts for the general endoprotease substrate class. Of the total number of 2,083 peptides identified in these pooled experiments, about one-third (674/2083) followed aspartic acid, representing a large fraction of the total proteolytic events. These 674 sites yielded a total of 846 identifiable peptide precursor ions (including different charge states, missed cleavages by trypsin, and methionine oxidations). We were interested in determining how the N-terminal dataset we found was affected by protein abundance. Representation of proteins by known abundance [using PaxDb (pax-db.org)] reveals broad coverage of proteins across five to six orders-of-magnitude ( Fig. S2 A and B) .
SRM for Quantitative Analysis. To permit relative quantification of peptides across samples, we used SRM on a QTRAP mass spectrometer. SRM permits rapid and highly sensitive peptide quantification because it does not require acquisition of full mass spectra (10, 11) . Instead, the presence of validated precursorfragment ion pairs, or transitions, unique to each peptide provides positive identification. For the purpose of SRM, transitions were determined for the putative 846 identifiable caspase-derived peptide precursor ions identified in the pooled sample from stage 1A. These peptides correspond to the 674 aspartic acid cleavage sites. For each peptide of interest, the seven most intense fragment ions observed in stage 1A were selected for every precursor. Transitions were then verified by performing SRM analysis on the individual samples that comprised the pooled sample in stage 1A. The detected peptides were qualified by having at least five of seven coeluting transitions on HPLC present in one or more samples (see Methods). Using these criteria, 527 of the 637 unique peptides (81.9%) were detected by SRM analysis of the individual samples. The 110 peptides not detected were generally of low abundance or did not generate sufficient expected transitions to allow for high-quality identification. SRM analysis of apoptotic cell lysates allowed confident identification of 488, 505, and 520 peptides in DB, Jurkat, and MM1S cell lines, respectively. A common set of 472 peptides (89.6%) from multiple samplings could be detected at some level in all three cell lines indicating good coverage and sensitive detection (Fig. S2D , Table S1 , and Datasets S2 and S3A).
To evaluate systematic variation within a given sample, we determined the average coefficient of variation for a sample run in triplicate. The averaged coefficient of variation was 12.3% for 246 peptides whose peak intensities were greater than 1.0 × 10 4 (Fig. S3A) . Moreover, linearity in peptide intensities for these cell lysate samples were shown in sequentially diluted cell lysate samples (Fig. S3B) . Furthermore, a strong correlation was observed in triplicate runs of Jurkat cells treated with (A) Discovery experiment to identify all possible α-amino termini in apoptotic cells. Three cell lines were treated with two apoptosis inducers per cell line to a level of ∼10% and 50% cell viability. The apoptotic cells were pooled for all conditions, lysed, and the free α-amino termini were biotinylated with subtiligase, and N-terminal tryptic peptides were isolated (Fig.  S1 ). The N-terminal peptides were identified by LC-MS/MS using a QTOF instrument and the Protein Prospector informatics suite (stage 1A). The seven intense fragment ions from MS/MS spectra from each peptide were selected and collision energy for each transition was optimized for SRM analysis (stage 1B). (B) Having validated SRM transitions for caspase-derived peptides, SRM analysis was carried out for each of three different cell lines treated with three different cytotoxic drug as a function of time and degree of apoptosis (stage 2). doxorubicin; samples from four different time points clustered together by Spearman correlation (Fig. S3C) . For further quantitative analysis, we calculated the rms error of peak intensity ratios (Fig. S3D ). All of the calculated rms errors from decoy transitions (see Methods) were greater than 0.5 and therefore we only analyzed peptide data where the rms error was less than 0.4 for the quantification analysis of stage 2 (Dataset S2). To evaluate the biological reproducibility, Jurkat cells were treated individually with different concentrations of doxorubicin and compared at similar extents of cell death. The peptides detected showed good correlations for the peaks with highest intensities, even when treated with different drug concentrations ( Fig. S3 E and F) . To address the systematic error and reproducibility in the following SRM experiments, samples were analyzed in duplicate in random order and signal intensity was normalized to the intensities of internal standard proteins that were added at the time of cell lysis and normalized to total protein concentration.
Caspase-Derived Peptide Profiling in Apoptosis. Caspase-derived peptide profiles were determined for Jurkat, DB, and MM1S cell lines treated with three different drugs at multiple time points over the entire cell death time course ( Fig. 1 ) (stage 2). Each sample (cell line treated with drug and harvested at specific cell viabilities) was analyzed by SRM and we found 628 target peptides (including different charge states, missed cleavages by trypsin, and methionine oxidations). Although there is considerable overlap in peptides identified across cell lines and inducers, there is wide variation in peptide signal intensities across conditions and time ( Fig. 2 and Dataset S3B). This finding suggests either a difference in abundance of the apoptotic proteins or a differential effect on amount or activation of specific caspases. To evaluate if there were differences in relative caspase activation rates, we tested the rates of activation of the major apoptotic caspases (3, 7-9) upon treating the MM1S cell line with bortezomib, MG132, and staurosporine using immunoblots (Fig. S4) . We see that the executioner caspases (3, 7) are induced after a lag at similar rates and their activation relative to each other does not change with drug treatment.
Similar effects were seen for the initiator caspases (8, 9) . Thus, the differences in the MM1S cells treated with different drugs do not appear to be because of differential activation of different caspases. We next went on to dissect one of these cell lines and drug treatment in more detail. The time course of appearance for caspase-derived peptides of bortezomib-treated MM1S cells can be categorized into three groups using an unbiased completelinkage hierarchical clustering (Fig. 3) . Group 1 represents cleavage peptides whose abundance peaks at ∼50% cell death and then decreases or stabilizes over time. Group 2 represents peptides whose abundance continually increases as cell death proceeds. Group 3 represents peptides whose abundance decreases over time or is low throughout the time course. For most peptides, level of the caspase-derived peptides increases with the extent of cell death. Approximately 56% of caspase-derived peptides have their peak abundance at the last time point measured (group 2; i.e., the lowest cell viability). Another 33% have peak abundance at ∼50% cell viability and gradually decrease or stabilize with time (group 1) or remain at low but detectable levels throughout apoptosis (group 3).
Caspase-Derived Peptide Profiling for Proapoptotic Drug and CellTypes. With the interest to develop cell-type and inducer-specific fingerprints, we determined if there are peptides that are specific to particular inducers or cell types. Peptides were stratified based on their proportional representation within a particular inducer or cell type (see Methods). There are clear cell-type and inducerspecific peptides listed in Table S2 and Table S3 . Review of inducer-specific peptides also reveals proteins implicated in drugspecific mechanisms. For example, among the inducer-specific peptides identified is activating transcription factor-4 (ATF4), a transcription factor that is up-regulated in the unfolded protein response during endoplasmic reticulum (ER) stress (Fig. 4A) . To further validate ER stress-mediated ATF4 as an inducer specific peptide, MM1S cells were treated with bortezomib or staurosporine over 24 h for immunoblotting. Only MM1S cells exposed to bortezomib showed induction of ATF4 (Fig. 4B) . Levels of full-length ATF4 peak at 8 h following exposure to bortezo- mib. Caspase levels rise to about 50% activation at 8 h and levels of cleaved ATF4 then peak at 12 h when cell viability is less than 20% (Fig. 4C) . Cleaved ATF4 is also specifically present in DB cells treated with bortezomib and in MM1S cells treated with MG132, but not in DB cells treated with other inducers (Dataset S3B). ATF4 represents a sterling example of a drugspecific target, which is induced upon celluar stress and subsequently cleaved by caspases.
Discussion
Using quantitative mass spectrometry, we have characterized the degradomes of three cell lines representing hematologic malignancies treated with different intrinsic apoptotic drugs. The subtiligase N-terminome enrichment method provided highly reproducible results for both technical and biological replicates, and excellent coverage of the proteome. To detect low abundance peptides, we pooled the samples just before the discovery experiment and used high resolution 2D LC-MS/MS to reduce the complexity of the samples (Figs. S2 and S3 ). This process allowed us to broadly identify ∼900 proteins that are products of endoproteolysis in aggregate samples. Over half of these were caspase-derived, as evidenced by cuts between aspartic acid and a small amino acid residue (Fig. S2C) . From these discovery data we developed and validated the SRM transitions, which provided a rapid and sensitive method for relative quantification to follow the kinetics for cleaving >500 caspase targets during apoptosis in a label-free fashion. Moreover, the sample coverage was excellent in that 89% of all peptides were detected at some level in all three cell lines. By following the level of caspase activation and corresponding cell death, it was possible to normalize cell-line and inducer-specific effects to comparable extents of apoptosis in the cultures. One of the most striking results is that within any cell line, the kinetic patterns for production of caspase substrates differ widely depending on drug treatment, and far beyond stochastic variability in the data (Fig. 2) . We have previously shown that caspases 3, 7, and 8 each have preferred sets of substrates and cleave their targets at rates that range >500-fold (6), so it was possible that the differences were because of differential caspase activation. However, we found no difference in the ratios of activation of the major apoptotic caspases by treatment of MM1S cells with either bortezomib, MG132, or staurosporine (Fig. S4) . Cohen et al. used fluorescent tagging of ∼1,000 proteins in H1299 lung carcinoma cells to show that treatment with the cytotoxic camptothecin, a topoisomerase I inhibitor, caused dramatic changes in protein levels and localization; these effects even varied between cells (12). Hsieh et al. recently showed that treatment of PC3 cells with a mammalian target of rapamycin inhibitor caused significant changes in the proteome as assessed by ribosomal profiling (13) . These drug-induced alterations to the proteome are superimposed on presumed differences in the baseline proteome of each celltype, as suggested by transcriptome analyses (14, 15) . The functional consequences of drug-induced alterations have been shown by Wolpaw et al. to permit classification of apoptotic drugs based on these "modulatory profiles" (16) . We hypothesize that the large cell-type and drug-specific differences in kinetic patterns we observe for caspase-derived products is because of the drug treatment causing specific alterations in the proteome before activation of the caspases.
Previous proteomic studies have studied the kinetics for cleavage of caspase substrates in Jurkat cells with the single inducer, staurosporine (3, 6) . These studies showed a wide variation in rate at which substrates are cleaved, and that the bulk of products persist in some form after they are cleaved. The data presented here with a broader panel of cells and inducers (Fig. 2 ) are fully consistent with these findings. As a more detailed example, an unbiased clustering analysis of ∼400 caspase targets in MM1S cells treated with bortezomib over extended times shows three broad categories: group 1 (∼33% of targets) is cleaved and ultimately degraded; group 2 (∼50% of targets) is cleaved and levels are sustained; and group 3 (∼10% of targets), the levels of which are persistently low; the remaining 15% could not be clustered (Fig. 3) . Boisvert et al. have shown a correlation between protein abundance and turnover rates by using pulsed stable isotope labeling by amino acids in cell culture methods in homeostatic HeLa cells (17) . Protein stability indices have also been measured by Yen et al. by measuring the half-lives of EGFP fusion proteins (18) . We did not see a significant correlation between the group 1 and group 2 peptides based on these expected half-lives or abundances, which may be because of differences in protein stabilities in homeostatic compared with apoptotic cells. Alternatively, correlation may not have been observed because of further modification or cleavage to other stable peptide forms.
To identify common targets across all cell lines that may be fundamental to apoptosis, we correlated peptide intensity with the degree of cell death across all inducers and all cell types (Table S4 ). The top 15 targets had a correlation coefficient across the nine cell and treatment conditions ranging from R values of 0.87-0.76. Gene ontology (GO) term analysis for the aggregate distribution of the caspase-cleaved proteins is not distinctly different from the whole proteome. However, enrichment in GO terms is observed for this small common set, particularly with RNA splicing and mRNA metabolism. Specific components of spliceosome core proteins have previously been identified as targets of caspase cleavage during FAS-induced apoptosis (19) and 9 of 15 proteins are reported as the proteins with high catalytic efficiencies for caspases (6) (Table S4 ). For example, perilipin-3 (also known as TIP47) is a 47-kDa mannose 6-phosphate receptor-binding protein that returns mannose 6-phosphate receptors from the late endosomes back to the transGolgi network. Overexpression of TIP47 has been shown to protect NIH 3T3 cells from taxol-induced cell death and siRNA suppression of TIP47 facilitates cell death (20) . Given its antiapoptotic function, cleavage of TIP47 and other antiapoptotic proteins by caspases is one mechanism by which apoptosis ensues. These are small numbers to draw firm conclusions but these begin to highlight common and aggressive targets that caspases attack. Time will tell if these make for useful cancer drug targets.
The cell type and inducer-specific nature of caspase cleavage profiles presents opportunities to dissect the pathways and proteins that define a cell-type and its response to drugs that induce apoptosis. An example of a cell-type-specific peptide detected with near exclusivity in a single cell-type in the present work is IFN regulatory factor 4 (IRF4), which is required for lymphocyte activation and the generation of Ig-secreting plasma cells (Table S2 ). The exclusivity observed here corroborates previous work that has shown IRF4 expression levels in MM1S cells to be higher than any other cell line (21-24). Shaffer et al. (25) have also shown that IRF4 activity is dysregulated in multiple myeloma cell lines. Clinically, IRF4 transcript levels in plasma cells inversely correlate with survival and IRF4 has therefore been proposed as a prognostic biomarker and therapeutic target (25) .
It is intriguing that many of the caspase products are highly drug-induced and suggest that caspases may be attacking the very stress-response proteins the cells are using to survive. A clear example of this is ATF4, the expression of which is drug-specific; it is induced upon treatment with bortezomib, a proteasome inhibitor, but not staurosporine a general kinase inhibitor. ATF4 levels peak after 8 h of bortezomib treatment. Here we show ATF4 is a caspase substrate, with a cleavage site at Asp 65 and that full-length ATF4 levels fall after caspases are induced. A fragment corresponding to the C-terminal end of ATF4 were not observed; as the functional domains of ATF4 are near the C terminus, the absence of a stable fragment suggests that ATF4 is inactive after caspase cleavage. ATF4 is known to be an important part of the pERK pathway and up-regulates antiapoptotic protein Mcl-1 (26) (Fig. 4A) . Thus, a loss-of-function cleavage of Mcl-1 at Asp 157 may redundantly enhance cell death. There may be many more examples of this kind of regulation in our dataset and further detailed analysis, which is beyond the scope of this article, should reveal them.
In sum, these studies reveal the remarkable sensitivity of caspase-cleavage profiles for drug and cell-type. Further studies will reveal how these drugs induce differences in protein-expression profiles and whether these are preferred targets of caspase cleavage. These data may aid in the development of specific apoptotic biomarkers for determining drug action or cell-type-specific cell death. Clinically, malignancy and drug-specific caspasederived peptides may serve as early readouts of drug efficacy both before and during therapy, and possibly lead to identification of new targets and pathways for cancer drug treatments.
Methods
Cell Lines. Jurkat clone A3 (CRL-2570), DB (CRL-2289), and MM1S (CRL-2974) were purchased from the ATCC. All of the media and supplements for cultivation were obtained from the University of California at San Francisco Cell Culture Facility.
Jurkat cells were grown in RPMI-1640 supplemented with 10% (vol/vol) FBS, 25 mM Hepes, 1 mM sodium pyruvate, and antibiotics [0.0064% (wt/vol) penicillin, and 0.01% (wt/vol) streptomycin]; DB cells were grown in RPMI-1640 supplemented with 10% FBS, 10 mM Hepes, 1 mM sodium pyruvate, and antibiotics; and MM1S was grown in media supplemented with 10% FBS, 2 mM glutamine, and antibiotics. Cells were cultured at a density of 1 × 10 6 cells/mL and treated with appropriate drug [bortezomib, doxorubicin, staurosporine (LC Laboratories), or MG132 (Tocris)]. The caspase activities and cell viabilities were monitored with Ac-DEVD-AFC caspase substrate and Cell Titer-Glo (Promega) to monitor ATP levels, respectively. The harvested cells were washed with phosphate buffer saline and the pellets were stored in a -80°C freezer until use.
N-Terminal Isolation. The pellets were lysed by sonication in 4.0% SDS, 400 mMBicine (pH8.0), containing the protease inhibitors; 0.1 mM z-VAD-fmk, 0.1 mM E-64, 1 mM AEBSF, 1mM PMSF, and 5 mM EDTA. Proteins were reduced by 2 mM TCEP at 90°C for 15 min, and alkylated with 4 mM iodoacetamide (IAM) in dark for 1 h at room temperature. The IAM reaction was then quenched with 10 mM DTT. One-percent Triton-X was added followed by water [final concentrations 1% (wt/vol) SDS, 1% (wt/vol) Triton X-100, 100 mM Bicine]. Before biotinylation, 2 nM of human adrenocorticotropic hormone (fragment 1-17) (ACTH) and 2 nM of recombinant human somatotropin (rhGH) were added to the lysates as internal standards. For the biotinylation, 1 mM TEVest4 (10 mM in DMSO) (Fig. S1B) , and 1 μM subtiligase were added to the lysate and allowed to react for 1 h at room temperature. Biotinylated peptides were precipitated in acetonitrile and resolved in 8 M guanidine hydrochloride before a second precipitation in cold ethanol at -80°C for 16 h. The precipitates were resolved in 5.3 M guanidine hydrochloride and were captured on immobilized NeutrAvidin agarose beads (Thermo Fisher Scientific). The beads were washed with 5 M guanidine hydrochloride and on-bead digestion was performed overnight using sequencegrade trypsin [Promega, in 100 mM Bicine (pH 8.0), 200 mM sodium chloride, 20 mM calcium chloride, 1 M guanidine chloride]. N-terminal peptides were isolated by TEV protease [in 0.4 μM in 100 mM ammonium bicarbonate (ABC), 2 mM DTT and 1 mM EDTA] for 4 h. Peptides were desalted with ZipTip Pipette Tips (Millipore), evaporated and stored at −80°C.
LC-MS/MS.
For discovery experiments, peptides were analyzed via off-line 2D reverse-phase LC-MS/MS. Samples underwent gradient elution HPLC fractionation on an XBridge C18 column (1.0 × 100 mm, 3.5 μm; Waters), using the following conditions: acetonitrile and water in a 70-min linear gradient, with 100 mM ABC (pH 11). Fractions were analyzed by nanoAcquity UPLC System (Waters) coupled with a QSTAR Elite System (Applied Biosystems; current AB/Sciex), using the following conditions: 0.1% formic acid in water (eluent A) and 0.1% formic acid in acetonitorile (eluent B) in a 90-min linear gradient. Injected samples were trapped on a Symmetry C18 Column (0.18 × 20 mm, 5 μm; Waters) for 5 min at 1% of eluent B before start the gradient; a BEH130 C18 column (0.075 × 200 mm column, 1.7 μm; Waters), with a flow rate of 1 μL/min was used for analysis. A QTRAP 5500 LC-MS/MS system (AB/Sciex) was used for a SRM experiments. Before quantitative experiments by SRM, a collision energy scan was performed to optimize the collision energy. The FDR for SRM analysis was evaluated by analyzing the sample with randomized sequenced peptides with increasing precursor m/z by 10 for decoy transitions (27) .
Peptide Identification and Generation of SRM Transitions. Protein Prospector (version 5.6.2 or later) (University of California at San Francisco) was used to identify the N-termini Abu-labeled peptides from the Swiss-Prot database (2011.01.11) from the discovery experiment. The FDR was calculated from decoy database of random sequenced proteins. The SRM transition were generated using experimental data derived from discovery experiments with in-house perl scripts (SI Text). For details about data analysis, bioinformatics, immunoblotting of caspase cleavages, and cell viability asays, see SI Methods. 
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Data Analysis and Bioinformatics. All of the data from scheduled SRM experiments were processed using in-house perl scripts (SI Text) and Microsoft Excel. The peptides were qualified by at least five of seven coeluting transitions on HPLC in one or more samples. For the peak intensity integration, three common observed transitions for each peptide were selected to calculate the area-under-the-curve (AUC). For quantitative analysis, the ratio of AUCs for the three common peaks were determined and if the rms was less than 0.4 and peak intensities less than 1.0e 4 , the peptide was discarded. The intensities from each sample were normalized with the average intensity of internal standards and total protein concentration (using a BCA assay). Cluster analyses were performed using Cluster (v3.0) and Java TreeView (v1.1.5r2). Go Miner was used for the GO analyses (1). To select specific peptides, averaged intensities were used to calculate P value from t test and fold-change against the other conditions. The scores were calculated from (Score) = -log 10 (P) × log 2 (foldchange). Selected peptides listed in Table S2 and Table S3 scored greater 2 SDs from the averaged score.
Immunoblotting of Caspase Cleavages and Cell Viability Assays.
Whole-cell lysates (1.0 × 10 7 cells) were prepared in RIPA buffer (25 mMTris-HCl, 150 mM sodium chloride, 1% sodium deoxycholate, 0.1% SDS and 1% Triton X-100) containing the protease inhibitors (described above). The protein concentrations were measured by BCA method and 25 μg of protein were subjected to SDS/PAGE and transferred to nitrocellulose membranes. Blots were performed using the CREB-2 Antibody (sc-200; Santa Cruz Biotechnology) as the primary antibody and Amersham ECL-HRP Linked Secondary Antibodies (NA934; GE Healthcare). The biotinylated ester, contains biotin (green), a α-aminohexanoic acid-di-glycine spacer, the TEV protease cleavage site (ENLYFQ, red), Abu (blue), and the ester, which is cleaved to generate the activated thiol-ester on subtiligase. Subtiligase then transfers Abu specifically to the α-amines on proteins and not ɛ-amines, free amino acids, or di-peptides (1). Dataset S1. List of N-terminal peptides identified from apoptotic cells in stage 1A discovery experiment Dataset S1
Dataset S2. Generated SRM transitions for QTRAP 5500 
